We present an integrated activity-based discrete choice model system of an individualÕs activity and travel schedule, for forecasting urban passenger travel demand. A prototype demonstrates the system concept using a 1991 Boston travel survey and transportation system level of service data. The model system represents a personÕs choice of activities and associated travel as an activity pattern overarching a set of tours. A tour is de®ned as the travel from home to one or more activity locations and back home again. The activity pattern consists of important decisions that provide overall structure for the dayÕs activities and travel. In the prototype the activity pattern includes (a) the primary ± most important ± activity of the day, with one alternative being to remain at home for all the dayÕs activities; (b) the type of tour for the primary activity, including the number, purpose and sequence of activity stops; and (c) the number and purpose of secondary ± additional ± tours. Tour models include the choice of time of day, destination and mode of travel, and are conditioned by the choice of activity pattern. The choice of activity pattern is in¯uenced by the expected maximum utility derived from the available tour alternatives. Ó 2000 Elsevier Science Ltd. All rights reserved. 0965-8564/00/$ -see front matter Ó 2000 Elsevier Science Ltd. All rights reserved. PII: S 0 9 6 5 -8 5 6 4 ( 9 9 ) 0 0 0 4 3 -9 1985). Furthermore, the choice processes that the models represent have become better understood through research on the nature of individual activity and travel decisions. Some of the most advanced operational model systems capture the interrelated decisions a person makes regarding the travel from home to one or more activity locations and back home again. (See, for example, Gunn, 1994; Algers et al., 1995.) These tour-based models address some complexities, such as trip chaining, but ignore the constraints and opportunities associated with activity schedules that can include at-home activities and multiple tours. In this paper we extend the tour-based model concept, explicitly modeling an individualÕs choice of an entire dayÕs schedule, as proposed by Ben-Akiva et al. (1996) and brie¯y described by Ben-Akiva and Bowman (1998) . The larger scope improves the modelÕs ability to capture important activity-based demand responses, such as the choice between trip chaining on one tour and conducting two separate tours ± an inter-tour trade-o ± or the choice between conducting an activity at home and conducting it on a tour ± an on-tour vs at-home trade-o. It also enhances the modelÕs capability for policy sensitive forecasting.
1. Background
Introduction
Signi®cant advances in modeling travel demand have been made over the past 25 years. The methods of disaggregate choice modeling have been widely applied (Ben-Akiva and Lerman, Transportation Research Part A 35 (2000) 1±28 www.elsevier.com/locate/tra 1985). Furthermore, the choice processes that the models represent have become better understood through research on the nature of individual activity and travel decisions. Some of the most advanced operational model systems capture the interrelated decisions a person makes regarding the travel from home to one or more activity locations and back home again. (See, for example, Gunn, 1994; Algers et al., 1995.) These tour-based models address some complexities, such as trip chaining, but ignore the constraints and opportunities associated with activity schedules that can include at-home activities and multiple tours.
In this paper we extend the tour-based model concept, explicitly modeling an individualÕs choice of an entire dayÕs schedule, as proposed by Ben-Akiva et al. (1996) and brie¯y described by Ben-Akiva and Bowman (1998) . The larger scope improves the modelÕs ability to capture important activity-based demand responses, such as the choice between trip chaining on one tour and conducting two separate tours ± an inter-tour trade-o ± or the choice between conducting an activity at home and conducting it on a tour ± an on-tour vs at-home trade-o. It also enhances the modelÕs capability for policy sensitive forecasting.
In the remainder of this section we place the proposed model system in the context of the theory of activity and travel decisions, and other activity-based travel forecasting model development. The second section is devoted to the conceptual design of the proposed model system. The third and largest section presents a prototype, speci®ed and estimated using 1991 Boston data; the system concept is demonstrated, limitations of the prototype are analyzed, and prospects for an operational implementation are discussed. This is followed by a brief concluding section.
Activity-based travel theory
The most important elements of activity-based travel theory can be summarized in two basic ideas. First, the demand for travel is derived from the demand for activities. (See, for example, the discussion in Jones, 1977.) Travel causes disutility and is only undertaken when the net utility of the activity and travel exceeds the utility available from activities involving no travel. Second, humans face temporal±spatial constraints, functioning in dierent locations at dierent points in time by experiencing the time and cost of movement between the locations (Hagerstrand, 1970) . They are also generally constrained to return to a home base for rest and personal maintenance.
A substantial amount of analysis has been done to re®ne the theory, test speci®c behavioral hypotheses, and explore methods of modeling important aspects of activity-based travel behavior. Damm (1983) , Golob and Golob (1983) , Kitamura (1988) and Ettema (1996) provide extensive reviews of the literature on activity-based travel theory. We present here only a few highlights. Pas (1984) ®nds demographic factors such as employment status, gender and presence of children to have signi®cant eects on the choice of the activity and travel pattern. Pas and Koppelman (1987) examine day-to-day variations in travel patterns, and Pas (1988) explores the representation of activity and travel choices in a week long activity pattern. Kitamura (1984) identi®es the interdependence of destination choices in trip chains. Kitamura et al. (1995) develop a time and distance based measure of activity utility that contrasts with the typical travel disutility measure. Hamed and Mannering (1993) and Bhat (1996) explore methods of modeling activity duration. Bhat and Koppelman (1993) propose a framework of activity agenda generation.
Research and development in urban travel forecasting
In the last 25 years researchers have attempted to incorporate the insights gained on activitybased travel theory into urban travel forecasting models. Here we review operational forecasting systems representative of the best current practice worldwide, and prototypes that demonstrate the current frontier in model development. More extensive reviews can be found in Bowman (1995) and Bowman (1998) .
Integrated trip-based models. The MTC system (Ruiter and Ben-Akiva, 1978; Ben-Akiva et al., 1978) was developed for the San Francisco Bay Area, and has been used in forecasting for many years. It is estimated as an integrated disaggregate choice model system. Models include accessibility variables representing expected maximum utility derived from related conditional models. The linkages across models introduce a partial representation of time and space constraints and household interactions. However, the system ignores some natural time and space constraints by modeling trip decisions separately ± hence the label trip-based ± and excluding the modeling of duration and time of day. Horowitz (1980) presents a trip frequency, destination and mode choice model that incorporates inter-trip dependence and can be implemented in a trip-based model system.
Tour-based models. Tour-based systems were ®rst developed in the late 1970s and 1980s in the Netherlands (Daly et al., 1983; Gunn et al., 1987; Hague Consulting Group, 1992; Gunn, 1994) , and are being used extensively there and elsewhere. Recent tour-based model systems have been developed for Stockholm (Algers et al., 1995) , Salerno, Italy (Cascetta et al., 1993) , the Italian Transportation System (Cascetta and Biggiero, 1997) , Boise, Idaho, (Shiftan, 1995) and New-Hampshire (Rossi and Shiftan, 1997) . These models group trips into tours based on the fact that all travel can be viewed in terms of round-trip journeys based at the home. A tour is assumed to have a primary activity and destination that is the major motivation for the journey.
The modeling of tour decisions provides an incremental improvement over trip-based model systems, incorporating an explicit representation of temporal±spatial constraints among activity stops within a tour. However, the tour-based approach lacks a connection among multiple tours taken in the same day, thereby failing to capture the eects of inter-tour temporal±spatial constraints.
Day and week models. Signi®cant attempts have been made to broaden the scope of forecasting models to incorporate activity and travel decisions spanning an entire day or more. Some of these rely exclusively on econometric choice models and the theory of the utility maximizing consumer, while others use rule-based decision simulations.
Among the econometric models Ben-Akiva et al. (1980) develop two interrelated models to represent a time budget and activity schedule. Adler and Ben-Akiva (1979) develop a model of a day non-work travel pattern. The choice of travel pattern is modeled as a single complex decision, in which many component decisions together de®ne a dayÕs travel. Hamed and Mannering (1993) use a variety of econometric model forms to represent an individualÕs temporally sequential construction of an activity and travel schedule, including activity duration. Hirsh et al. (1986) present a dynamic model of an individualÕs pattern of shopping activity for a week, based on the theory that individuals plan their activity participation on a weekly basis, and update these plans daily throughout the week.
The earliest rule-based simulation model, STARCHILD (Recker et al., 1986a,b) , takes a destination-speci®c household activity agenda ± a list of planned activities ± and models detailed activity and travel schedules for household members. Recker (1995) formalizes the STARCHILD approach with a mathematical program that also addresses activity and vehicle allocation. Axhausen et al. (1991) propose a simulation model in which a sample of simulated households is used to model the evolution of travel behavior in daily, medium-term and longer time frames. RDC (1995) uses a two stage model that includes a basic policy response and a heuristic search for a detailed schedule adjustment. Ettema et al. (1993 Ettema et al. ( , 1995 represent the scheduling decision as a sequence of schedule building decisions.
Broadening the decision scope to include activity decisions spanning a day or more is dicult because the variety of available schedules is immense and, despite the advances in activity-based travel theory, the factors underlying the decisions are still not well understood. Accordingly, all the day or week models were developed only as incomplete prototypes, and rely on exogenous forecasts of important dimensions of the activity and travel scheduling decision, such as activity participation, location, and travel mode.
Activity schedule model system design
We present an econometric model system that can represent an individualÕs choice of a dayÕs activities and travel spanning 24 h (day activity schedule, activity schedule, or schedule for short) with enough scope and detail to enable its use for travel forecasting. It is a disaggregate, discrete choice model system that uses and extends aspects of existing travel demand models, and can be integrated with other existing components of forecasting model systems, including land use, mobility and transport supply models. The model system can be estimated, tested and validated using readily available statistical procedures.
The day activity schedule
Demand for activity and travel is viewed as a choice among all possible combinations of activity and travel in the course of a weekday. The model uses a day timeframe because of the dayÕs primary importance in regulating activity and travel behavior; people organize their activities in day sized packages, allowing substantial interactions among within-day scheduling decisions as they cope with time and space constraints while attempting to achieve their activity objectives. As shown in Fig. 1 , the day activity schedule consists of a set of tours tied together by an overarching activity pattern (pattern). The activity pattern extends the linkage beyond that of a tour-based model to include all the tours that occur in a single day, thereby explicitly representing the ability of individuals to make inter-tour and at-home vs on-tour trade-os. For example, the model can capture the choice between combining activities into a single tour and spreading them among multiple tours, incorporating the factors that in¯uence this type of decision. Many situations of interest, such as demand management programs, ITS deployment and increased fuel prices, can induce these kinds of activity and travel schedule responses.
In the model, tour decisions are conditioned, or constrained, by the choice of activity pattern. This is based on the notion that some decisions about the basic agenda and pattern of the dayÕs activities take precedence over details of the travel decisions. The probability of a particular activity schedule is therefore expressed in the model as the product of a marginal pattern probability and a conditional tours probability pschedule ppatternptoursjpatternY 1
where the pattern probability is the probability of a particular activity pattern and the conditional tours probability is the probability of a particular set of tours, given the choice of pattern. But the choice of pattern is not independent of the conditional tours decisions. Rather, the relative attractiveness ± or utility ± of a pattern depends on the expected value of the maximum utility to be gained from its associated tours. Through the expected utility, the patternÕs choice probability is a function of the attributes of all its available tours alternatives. This relation captures sensitivity of pattern choice ± including inter-tour and at-home vs on-tour trade-os already mentioned ± to spatial characteristics and transportation system level of service, and is the most important feature of the proposed model system. At a minimum, the pattern is characterized by (a) the primary activity, with one alternative being to remain at home for all the dayÕs activities (b) the type of tour for the dayÕs primary activity, including the number, purpose and sequence of activity stops, and (c) the number and purpose of secondary tours. The tours decision involves the selection of activity location for the activities in each tour, as well as the time of day and modes of travel.
Inherent in this de®nition of the pattern is the notion of activity priority, or importance, and the assumption that people use a priority-based decision process. Accordingly, more de®nition is given to the tour on which the primary activity occurs. Other tours are considered secondary. Fig. 2 shows how a particular implementation of the activity schedule model might explicitly represent the dimensions of a personÕs activity and travel itinerary. The hypothetical itinerary (Fig. 2a) shows that this person departed for work at 7:30 AM, driving alone from home in trac zone A to work in zone B. At noon they walked out for lunch and personal business, returning to work for the afternoon. At 4:40 PM they departed for home, stopping on their way at the bank in zone C, where they departed for home at 5:00 PM. That evening at 7:00 PM they drove with other family members to the mall in trac zone C for shopping, and drove home at 10:00 PM that evening. Fig. 2b shows how one implementation of the proposed model might represent the choice. In the marginal pattern model, the primary activity is work; the primary tour type is the sequence ``home-work other-work other-home'', re¯ecting the purpose and sequence of the activity stops in the tour; and one secondary tour is undertaken, with a purpose of``other'' (i.e., other than work or school). In the conditional tours model system, the work destination is zone B, the mode of the primary activity is drive alone, and departures to and from the activity occur during the AM and PM peak periods, respectively; the destination, mode and departure times of day of the workbased subtour are zone B, walk, and midday/midday; the representation of the after work stop includes only destination in zone C and departure from the activity during the PM peak; and ®nally, the destination, mode and times of day of the secondary tour are zone C, auto with passenger, and evening/evening. The example can be used to point out two important features of the model system. First, it includes time of day decisions as the choice of departure times to and from the activity, providing a categorization of travel time of day and an implicit representation of activity duration. Second, temporal±spatial constraints can be captured by the restriction of choice sets. In this example, the work-based subtour could not occur in the early morning or late evening, because in the higher priority pattern decision the traveler chose to pursue this activity as a subtour during the daytime work activity. Likewise the secondary tour could not occur during the midday period.
Example
The example de®nes categories for the subchoices of the activity schedule, as must any particular implementation of the model system, although the design accommodates a variety of categorizations. The categories chosen for implementation signi®cantly aect the complexity of the model system, as well as its ability to provide usable, policy-sensitive forecasts. The prototype described in the next section has a less detailed representation than this example, excluding secondary stops on tours. A subsequent operational pilot implementation for the Portland, Oregon, metropolitan has more detail; it explicitly represents at-home primary activities, incorporating trade-os between on-tour and at-home activity participation for work, maintenance and discretionary activities .
Nested logit model form
Nested logit models, ®rst estimated 25 years ago by Ben-Akiva (1973) , eectively model multidimensional choice processes where a natural hierarchy exists in the decision process, using conditionality and expected utility as described above. In addition to the hierarchy between pattern and tours, the marginal pattern model and the conditional tours model system each involve multiple dimensions and can be speci®ed as nested logit models.
The expected utility of the conditional dimension is commonly referred to as accessibility because it measures how accessible an upper dimension alternative is to opportunities for utility in the lower dimension. It is also often referred to as the``logsum'', because in nested logit models it is computed as the logarithm of the sum of the exponentiated utility among the available lower dimension alternatives. For more detail, see Ben-Akiva and Lerman (1985, ch. 10 ).
Nesting the model helps capture correlation among alternatives that is common with multidimensional choice sets. However, for a decision as complex as the activity schedule it is impossible with simple nesting to fully capture the correlations ± such as spatial correlation in destination choice dimensions. On the other hand, the correlation conditions required by the nested logit model are statistically testable (Ben-Akiva and Lerman, 1985, chs. 7 and 10; McFadden, 1987) , enabling the modeler to seek a speci®cation that satis®es them.
Model system operation
A Monte-Carlo procedure is used to produce aggregate predictions. In other words, the model makes predictions with disaggregate data. The model is applied to each decision maker in the population ± or a representative sample ± yielding either a simulated activity schedule or a set of probabilities for alternatives in the choice set. Sequence, timing, mode and destination information in each activity schedule is translated into a set of trips. These are aggregated in time-and mode-speci®c trip matrices and assigned to the transport network, resulting in a prediction of transport system level of service. This process may require replications to achieve statistically reliable predictions. It may also require trip matrix adjustment to include trips not explicitly represented in the model, using factors for each origin±destination pair derived by comparing modeled and actual trips in the estimation data set. A successful implementation of the proposed model system would require a suciently detailed representation of the activity schedule so that the important policy sensitive travel responses are modeled explicitly rather than relying on the policy insensitive matrix adjustment procedure.
Prototype model system

Introduction
In this section we present a prototype of the day activity schedule model system, developed using data from the Boston metropolitan area, including a 24 h household travel diary survey collected in 1991, as well as zonal and time-of-day-speci®c transportation system attributes from the same time period. Survey respondents reported activities requiring travel, and details of the associated travel. Section 3.2 presents a description of the model speci®cation and associated data preparation issues, starting with an overview, then proceeding to describe the pattern and ®nally the tours models. In the subsequent subsection we present the results of model parameter estimation, this time starting with the tours models and proceeding to the pattern. The section concludes with a critique of the prototype, focusing on the implications of its limitations and the prospects for an operational implementation.
Prototype speci®cation
To implement the basic structure of (1), the prototype groups the elemental decisions of the activity schedule into ®ve major tiers, including (a) activity pattern, which is the marginal model of Eq. (1), plus four tiers that together constitute the conditional tours model system: (b) primary tour time of day, (c) primary destination and mode, (d) secondary tour time of day, and (e) secondary tour destination and mode, as shown in Fig. 3 .
Activity pattern model. The activity pattern is a nested logit model as depicted in Fig. 4 . It represents the choice between a pattern with travel and one without. Given the choice of a pattern with travel it also includes the conditional choice among 54 patterns with travel.
The utility function of each pattern includes the expected maximum utility variable from the lower level tours model alternatives, providing the link that makes the entire activity schedule a sequentially estimated nested logit model system.
Each activity pattern with travel is de®ned by a primary activity, a primary tour type and the number and purpose of secondary tours. The primary activity is de®ned as the most important activity of the day. If it occurs on a tour, this tour is designated the primary tour and all other tours are designated as secondary.
With this de®nition it is necessary to identify in the estimation data set the most important activity of the day, information not available in the Boston data. Lacking this information, a deterministic rule is used based on the research of Hague Consulting Group (Antonisse et al., 1986) who investigated the ability of various deterministic rules and a stochastic model to match priorities reported by survey respondents. They found a simple deterministic rule worked best, but it matched the reported priority in only 76% of the cases, and did not report the success rate for nonwork patterns, which we suspect were even lower. If, as we propose, the model design should be based on activity priority, it would be advisable to collect activity priorities directly in activity/ travel surveys. In the selected rule, all the activities within a tour are ranked by priority, with work being the highest priority, followed in order by work related, school, and all other purposes. Ties are broken by assigning higher priority to activities of longer duration. Within an individualÕs activity pattern the tours are assigned relative priorities by giving highest priority to the tour containing the highest priority activity, and so on until all tours are assigned a priority.
Each dimension of the activity pattern is discussed below. The primary activity is classi®ed as home, work, school or other. This classi®cation is somewhat arbitrary and quite limited. A more customary classi®cation distinguishing subsistence (work or school), maintenance (household or personal business activities) and leisure (activities engaged in for pleasure, recreation or refreshment) may be more appropriate.
Tour type is de®ned by the number, purpose and sequence of activity stops on the tour. The prototype partitions the observed work tour types into ®ve categories. The three predominant categories are (a) the tour from home to work and back again with no additional stops (hwh), (b) the tour with at least 1 additional stop for another activity (hwh+), and (c) the tour with a work-based subtour for another activity as well as any number (including zero) of additional stops for other activities (hw + wh). Two additional work tour categories involve mid-tour returns home, one with no additional activity stops (hwhwh) and another with one or more additional stops (hwhwh+). School and other tours received a simpler categorization involving only the analogs of the ®rst two work tour types. We subsequently sometimes refer to type (a) tours as simple and all other tour types as complex.
The prototype classi®cation lacks important sequence and purpose information. For example, it is unable to distinguish a pattern with a maintenance stop on the way to work from one with a leisure stop after work, two patterns that would have signi®cantly dierent utilities. A better method would distinguish tour types by the presence or absence of purpose-speci®c secondary stops at three temporal locations on the tour ± before the primary stop, after the primary stop and, for work tours, a work-based subtour (see Bowman, 1998 for details) . This would enable the model speci®cation to signi®cantly improve its explanation of pattern choice, and allow the use of more accurate availability constraints in secondary stop models.
The prototypeÕs classi®cation of the activity pattern decision by number and purpose of secondary tours distinguishes 2 purposes and 3 frequencies. The ®rst purpose category ± constrained ± includes purposes that usually involve tight schedule constraints, including work, work related, school, and banking/personal business; the second category ± unconstrained ± includes all other purposes. The 3 frequencies are 0, 1 and 2 or more secondary tours. The feasible combinations of purpose and number yield a set of six alternatives, including (a) 0 secondary tours, (b) 1 secondary tour with schedule constrained purpose, (c) 1 secondary tour with schedule unconstrained purpose, (d) 2 or more secondary tours with schedule constrained purposes, (e) 2 or more secondary tours with schedule constrained and unconstrained purposes, and (f) 2 or more secondary tours with schedule unconstrained purposes. An improved representation would use the same purpose categories for primary and secondary tours ± subsistence, maintenance and discretionary ± making it easier to capture purpose-speci®c inter-tour trade-os.
The categorization of the activity pattern by purpose, primary tour type and number and purpose of secondary tours, as described above, yields a choice set of 55 alternatives in the Boston prototype, including the home pattern, 30 work tour patterns, 12 school tour patterns and 12 other tour patterns. Table 1 describes the choice alternatives for the 3 dimensions of the activity pattern, and Table 2 lists all 55 alternatives and their relative frequency in the sample.
The collection in the diary survey of information about activities conducted at home would enable a more detailed categorization of patterns with at-home activities, and could lead to a restructuring of the modelÕs hierarchy. For example, the model might distinguish the primary activity of the day not only by three purposes, but also by whether it is conducted at home or on a tour, allowing for the possibility of secondary tours in all six cases.
Tours model structure. As de®ned in the Boston prototype, any activity schedule with travel always has a primary tour, and may have zero, one or more secondary tours. The conditional tours probability of (1) consists of the joint probability of all modeled dimensions of all the tours in the schedule. The secondary tours are modeled conditional on the primary tour outcome, so the tours probability is expressed as the product of the primary tour probability and the conditional probability of the secondary tour outcomes, given the primary tour ptoursjpattern pprimary tourjpatternpsecondary toursjprimary tourX 2 Secondary tours are considered to be mutually independent and the conditional secondary tours probability is expressed as psecondary toursjprimary tour T t1 psecondary tour t jprimary tourY 3
where p(secondary tour t |primary tour) is the conditional probability of the dimensions of secondary tour t given the primary tour, t 1Y F F F Y T and T is the number of secondary tours in the schedule. All secondary tour probabilities are calculated from the same secondary tour model. This approach ignores time constraints and correlation across secondary tours, but simpli®es the model structure, which would otherwise involve repeated conditional tour nesting via a secondary tour, tertiary tour, etc.
Substituting (2) and (3) into (1) we obtain the expression of the activity schedule probability as speci®ed in the Boston prototype:
pschedule ppatternpprimary tourjpattern T t1 psecondary tour t jprimary tourX 4
For the primary tour and each of the secondary tours, the time of day, primary destination and mode are modeled, with the choice of mode and destination conditioned by the time of day choice ptour ptimingpmodeY destinationjtimingX 5
A weakness of the Boston prototype is the lack of explicit models of secondary tour stops, an important feature for accurately capturing trip chaining behavior and inter-tour trade-os. To handle this (5) might be enhanced by modeling secondary stops conditional on the primary stop choice, representing the tour probability as ptour ptimingpmodeY destjtimingpsecondary stopsjtimingY modeY destX 6
Tour time of day models. Two similar MNL models of the choice of tour time of day are estimated, one each for secondary and primary tours. Each of the 16 alternatives is comprised of 1 of 4 time periods for departure from home to the primary destination and 1 of 4 time periods for departure from the primary destination returning home. These 4 time periods include AM peak (6:30±9:29 AM), midday (9:30 AM±3:59 PM), PM peak (4:00±6:59 PM), and other (7:00 PM±6:29 AM). All time periods are considered available to all persons for primary tours. For secondary tours, times that overlap with the chosen primary tour time are removed from the choice set. Tour destination and mode choice models. The destination and mode choice model involves the choice of a mode for the tour instead of the usual choice of mode for a trip. The Boston survey respondents did not report their travel mode on a tour basis, but instead reported every mode used, in sequence, sometimes reporting several modes for a single trip, with dierent sets of modes used for dierent trips in the same tour. Thus, the modeling of a tour mode choice required a decision rule for translating a large set of potentially complex sequences of reported modes into a smaller choice set of tour mode alternatives. The rule selected was able to automatically assign over 98% of the sample to one of six modes, including auto drive alone, auto shared ride, transit with auto access, transit with walk access, walk and bicycle. Additional rules were used to judge which of the 6 mode alternatives were available to each person in the estimation data set. For more details see Bowman (1995) .
The de®nition of mode alternatives could be enhanced within the proposed model system framework to include more sophisticated mixes of intermodal travel, as is sometimes done in mode choice models. It would also be possible to de®ne some alternatives in terms of two modes, namely the modes used for the outgoing and return trips, respectively. If secondary tour stops were explicitly modeled, mode choice could be modeled if it was likely to occur, such as for workbased subtours.
An important dierence between the primary and secondary tour model speci®cations is the inclusion in the primary tour model of the expected maximum utility variable, computed from the secondary tour model. This link turns the models into an informal nested logit system. The calculation of the expected maximum utility requires a special application of the theory of the nested logit model to capture the expected maximum utility from a multiple number of secondary tours. The resulting expected maximum utility of all secondary tours is equal to the sum of the expected maximum utility of each of the tours. Since the expected maximum utility of a single tour is equal to the logarithm of the sum of the exponentiated systematic utilities of all available tour alternatives (logsum), the expected maximum utility among multiple tours is simply the sum of the logsums across all secondary tours in the pattern.
Prototype model estimation results
Model parameters were estimated simultaneously within each tier and sequentially across tiers. Three factors prevented the simultaneous estimation of the modelÕs parameters across two or more tiers. These include (a) the independent nesting of multiple conditional secondary tours, (b) the use of alternative sampling for destination choice, described later, and (c) our desire to work within the capacity limits of commercially available nested logit estimation software (all models were estimated with ALOGIT, by Hague Consulting Group). The sequential estimation procedure yields consistent parameter estimates that are dierent than simultaneously estimated parameters. It also yields inconsistent estimates of the standard errors of the parameter estimates; they are usually underestimated, especially for the parameters of the expected utility variables. In this paper the reported standard errors have not been corrected.
We present estimation results ®rst for the destination and mode choice models, followed by time of day, and ®nally the activity pattern.
Destination and mode choice. The tour destination and mode choice models are estimated as multinomial logit (MNL) models with alternative sampling. A sample of up to 48 alternatives is constructed for each tour in the data set, using strati®ed importance sampling (Ben-Akiva and Lerman, 1985, p. 266) . The sample includes 8 of 786 possible geographic zones, with up to 6 modes available for each destination. Details of the sampling procedure are provided in Bowman (1995) .
Estimation of the destination and mode choice model requires the de®nition of transportation system level of service variables and preparation of such data for all of the mode alternatives, by the four time of day categories used in the time of day choice models. Interzonal roadway distance is used as the transportation system level of service measure for walk and bicycle modes, since the data set provides no good level-of-service attributes such as travel times, bikeway availability or sidewalk connectivity. Costs and travel times are de®ned in traditional ways, although the models require values of these attributes by time of day. Table 3 shows the complete estimation results of the destination and mode choice models for primary and secondary tours. The speci®cation re¯ects a substantial amount of testing and respeci®cation, and is adequate for demonstrating the proposed model system design, but retains some important de®ciencies that would need to be corrected in an operational implementation. In particular, although the coecient signs for the level of service variables are correct, they imply unreasonable values of time in some cases, indicating the need to check further for data problems and improve the model speci®cation. For instance, for a household with annual income of $54,000, the value of auto in-vehicle time on secondary tours is too high at $114 per hour, and for transit the value of out-of-vehicle time is lower than that of in-vehicle time.
The following discussion highlights dierences in behavior between primary and secondary tours, a feature of the model system that dierentiates it from typical trip and tour-based models. The presence of cost (coecient 6 in Table 3 ) in the primary work tour model, accompanied by cost/income (coecient 10) that is smaller for the work tour, indicates that low income does not increase cost sensitivity as much for primary work tours as it does for non-work and secondary tours. Coecient 7 in both work and non-work models indicates that the presence of any or all of the employer incentives of mileage allowance, subsidized parking or company car tends to oset the disutility of the cost of driving alone. Coecients 8 and 9 yield similar, but even stronger eects on the disutility of transit costs in the presence of employer subsidized transit passes, but this eect occurs only for work tours. The socioeconomic variables of auto availability and income have substantially dierent mode choice eects for primary tours than for secondary tours.
Since the secondary tour destination and mode choice model is conditioned by the choice of destination and mode for the primary tour, the actual choices of mode and destination in the primary tour are used to explain choices in the secondary tour. Coecients 25±27 indicate a tendency for people who choose drive alone, shared ride or bicycle in their primary tour to choose the same mode again for their secondary tours, with the eect being dramatically strong for the bicycle mode; the eect is insigni®cant for the other modes. Coecient 28 indicates a similar eect in destination choice for work tours, with persons tending to choose the same destination zone for secondary work tours as they choose for their primary (work) tour. Coecients 30 and 31 capture trip chaining tendencies. Finally, coecient 34 is the logsum coecient associated with the expected maximum utility of secondary tours. It is in the acceptable range for nested logit models, and reveals a strong inuence of secondary tour utility on the choice of alternatives in the primary tour. Activity patterns with more secondary tour travel, due either to more or longer tours, generally have smaller values (less positive or more negative) of the logsum variable. Thus, the positive sign of this coecient means that primary tour alternatives that are linked in an activity pattern with a substantial amount of secondary tour travel will have lower utility than those with little or no secondary tour travel, all other things being equal.
Time of day models. The time of day models are estimated as MNL models. The utility functions were initially speci®ed with the expected maximum utility variable from the corresponding destination and mode choice model. However, these parameter estimates did not ®t in the theoretically acceptable range of 0±1 and also had very high standard errors. That is, the data did not indicate a clear eect of mode and destination accessibility on the time of day choice. This might be caused by inaccuracy of the transportation system level of service data by time of day, the coarse granularity of the time of day choice categories, or improper speci®cation of the nesting hierarchy. The logsum variables are therefore excluded from the model. The prototype nested logit model system therefore excludes the time of day models from the logsum linkages, although the destination and mode choice models are still conditioned by their respective time of day choices. Tables 4 and 5 show the estimation results of the time of day choice models for secondary tours and primary tours, respectively. In the secondary tour model, coecients 1±8 are alternative speci®c constants, with a base case of travel to and from the primary destination occurring after the PM peak. Coecients 9 and 10 indicate worker preferences of conducting the secondary tour during a peak period or after the evening peak. Coecients 11±16 indicate the preference of several types of people to conduct secondary tour(s) before the evening, including those whose primary tour involves a single activity, whose primary activity of the day is not school or work, or who conduct 2 or more secondary tours. Coecient 17 indicates a tendency for secondary tours of short duration if there are 2 or more in the activity pattern.
In the primary tour time of day model, shown in Table 5 , coecients 1±12 are the alternative speci®c constants, with a base case of travel to and from the primary destination during the midday time period. Coecients 13 and 14 capture commuter peak period tendencies. Coecient 15 captures a strong tendency to shift the work tour schedule so travel occurs before or after the AM and PM peak periods, and coecient 16 captures a slight tendency for the work tour to occur during the night. Coecients 17±19 reveal preferences when the primary tour involves more than one activity stop: there is a tendency to avoid tours that span a peak period or occur in the evening, and a slight tendency to start the tour during the AM peak. Coecients 20±22 indicate time of day preferences when there are no secondary tours in the pattern, with a tendency to avoid evening tours and those that require peak period travel, and to choose a schedule that fully spans the midday period.
Activity pattern model. The two dimensions of the nested logit activity pattern model are estimated jointly. Because of expected dierences in choice behavior between employed persons (workers) and those who are not employed (non-workers), we divide the data set and estimate two models, one for workers and another for non-workers. The non-worker model includes only the 25 non-work activity pattern alternatives. Tables 6 and 7 show the estimation results for workers and non-workers, respectively. In the worker model the ®rst 33 coecients are alternative speci®c constants, with some of the 54 alternatives combined because early versions of the model revealed insigni®cant dierences between the estimated coecients. Coecients 34±44 are for various socioeconomic characteristics associated with particular subsets of the population and particular subsets of the activity pattern alternatives. Coecients 34±36 are associated with the simplest non-home activity pattern, 17 AP has 2 or more secondary tours, alternatives with a long tour (i.e., fully spanning a time period) )1.992 1.03 )1.9
Summary statistics Number of observations 2873
involving only a single commute to the primary activity location, revealing a tendency of 1 adult households and students to have complex patterns, while men with more children tend to have simple patterns. Coecients 37 and 38 deal with patterns involving secondary tours, with school aged children causing more secondary tours, and females with young children making less secondary tours. Coecients 39 and 40 show the tendency toward more trip making among higher income, part-time employees. Coecients 41±44 show socioeconomic variations in the choice of 
primary activity, with full-time workers tending to choose work, parents with young children choosing not to work, homemakers choosing travel for other purposes and individuals with school-aged children choosing not to stay home. Coecients 45 and 46 are the logsum coecients capturing the eect of expected utility from the tour models in the conditional choice among 54 patterns with travel. Coecient 47 is the logsum coecient capturing the eect of the conditional modelÕs expected utility on the marginal choice between a pattern with travel and a pattern that stays home all day. The values, between 0 and 1, fall within the theoretically acceptable range for the nested logit structure, and the small size indicates a rather small in¯uence of travel utility on the choice of activity pattern. Nevertheless, the eect of these variables is one of the key features of the activity schedule model system. Suppose, for example, that this model was being used to predict the eect of an increase in fuel prices. A fuel price increase would manifest itself in the secondary and primary tour models as negative utility. Negative utility in these lower level models would reduce the size of variables 45±47, aecting activity patterns with more travel more than other patterns, with the stay at home alternative being totally unaected. Thus, this model system would predict a shift toward patterns with less travel in response to an increase in fuel prices. This might take various forms, depending on the values of the estimated parameters and the magnitude of the change in fuel prices. For example, it might predict a shift toward simpler primary tours (i.e., less stops and/or shorter distances) and a reduction in the number of secondary tours. It might, however, predict a reduction in the number of secondary tours with a partially osetting addition of stops chained to the primary tours. A closer look at this eect in the model system explains the relative size of coecients 45 and 46. The larger value of coecient 46 indicates that, given a particular logsum variable value, patterns with complex primary tours are aected more than those with simple primary tours. This is because the formulation of the tour models does not explicitly capture the dierences in utility between simple and complex primary tours because secondary stops are not modeled explicitly. The greater eect of a fuel price increase, for example, on patterns with complex primary tours is captured by the larger size of coecient 46, rather than by a larger value of the logsum variable. This stands in contrast to the eect of a fuel price increase on the number of tours, where the calculation of the logsum variable captures a greater eect among patterns with more tours.
The non-worker model, shown in Table 7 , provides results similar to those of the worker model, but with a smaller number of alternative speci®c constants, a somewhat dierent set of socioeconomic variables, and some dierences in the magnitude of coecients. The logsum coecients are somewhat smaller in magnitude than those of the worker model, which means the predicted response to changes in factors aecting travel utility would be smaller for non-workers than for workers. The estimates also have a higher standard error, which can be partially explained by the substantially smaller estimation sample size.
Evaluation of the prototype
The purpose of the prototype is to demonstrate the concept of the activity schedule model system, test important features, and gain an initial evaluation of the methodÕs potential for further research and operational implementation. A number of simpli®cations were introduced that may limit the prototypeÕs prediction capabilities. Here we summarize these limitations, giving special attention to impact on model performance and the prospects for remedies in subsequent development.
Time of day models. The weakest components of the model system are the time of day models because level of service variables are not included. However, these models interact with other policy sensitive dimensions of the activity schedule via the conditionality hierarchy. As a result, while timing choices are not in¯uenced by transportation system level of service via travel accessibility, they are aected indirectly by accessibilityÕs in¯uence on the activity pattern, and the conditioning of time of day on the pattern choice. The time of day dimension is de®ned very coarsely so that, even if the model speci®cation was enhanced to include accessibilityÕs direct in¯uence, the responsiveness to level of service would be crude. Eectively incorporating time of day choice requires ®ner resolution of the time of day dimension, accessibility linkages with the other dimensions of the model system, and better explanation of time of day choice. The lack of a strong time of day component does not, however, undermine the ability to capture inter-tour trade-os in the activity schedule, an important improvement over tour-based models.
Secondary stops on tours. This dimension is missing entirely from the prototype, and reduces the ability of the model to accurately represent inter-tour trade-os involving trip chaining, one of the important features of the model design. Without secondary stops, the model relies too heavily on matrix adjustments for unmodeled stops during model system operation. For example, it cannot capture correlation among destinations of stops on a tour. This simpli®cation is not inherent to the proposed design, and the secondary stops can be included in an enhanced implementation, as they are included in existing tour-based model systems.
Activity pattern model. This model explains very little of the observed variability in pattern choice, with measurable but small responsiveness to transportation policy via the accessibility variable. The proposed system structure provides an excellent context for further research and development into the factors in¯uencing pattern choice, such as demographic outcomes and lifestyle decisions. Prospects of improving the measurement of activity and travel accessibilityÕs in¯uence are also good, through the enhancement of the tours portion of the model structure.
Nesting hierarchy. Although the hierarchical relation of activity pattern to tours is statistically established in the prototype, and provides a clear advantage over existing operational econometric models, several important structural issues were not fully analyzed, including (a) the relation of the time of day decision to the mode and destination choice, (b) correlations within tiers, (c) crosscorrelations not accommodated by nested logit. Further research and development may lead to important structural model enhancements.
Values of time. Unrealistic values of time indicate model speci®cation errors and/or data de®ciency that were not resolved in the prototype. As speci®ed the model would produce counterintuitive predictions in some cases. Achieving realistic values is a reasonable pre-requisite for ®nal acceptance of the model, calling for more speci®cation testing with new data.
Mutually independent secondary tours. This simplifying assumption unrealistically violates temporal constraints, spatial correlation, and conditionality arising from priority-based behavior. The simpli®cation is not inherent to the proposed design. Some relaxation of the assumption may be possible, such as introduction of a tertiary tour, but a complete representation of relationships among secondary tours may produce a model of unmanageable size.
Coarse classi®cation within choice dimensions. Many of the prototypeÕs classi®cations of alternatives are arbitrary and/or very coarse. These include activity purposes (work, school, other), tour type (did not identify purpose or tour placement of secondary stops), secondary tour purposes (inconsistent with primary tour purposes), mode (few mixed mode alternatives), destination (traditional zonal aggregation) and time of day (four time periods). Rede®ning inferior or inconsistent classi®cations poses no problem, but re®ning resolution, especially desirable for destination and time of day choices, presents many challenges because it can substantially increase model size and the need for detailed spatial and time-speci®c location and travel characteristics. The standard method of handling large choice sets, alternative sampling, is used in the prototype for destination choices, and might be employed to handle extremely ®ne resolution of destination and time of day dimensions. Sampling of alternatives and simpli®cation from a pure nested logit structure ± mentioned in the previous paragraph ± preclude the use of existing simultaneous estimation procedures. Sequential procedures are required that yield less ecient estimates and make testing cumbersome, not only because the usual standard error estimates are inconsistent, but also because they increase the eort required to test alternative structures. If these complications can be overcome, then the use of ®ne resolution, especially in the destination and time of day dimensions, may signi®cantly improve the proposed model system.
At-home activities. The prototype does nothing with at-home activities because such information was not collected in the Boston survey. This limits the ability of the prototype to fully capture the activity basis of travel demand, but does not prevent the capture of basic at-home vs on-tour trade-os and inter-tour trade-os. Data availability is an important concern, and further research and development may sharpen understanding of data requirements enabling more ecient collection of the most important at-home information.
Summary
This paper presents a disaggregate discrete choice activity schedule model system that can be speci®ed and estimated from available diary survey and transportation system level of service data. It can generate time and mode speci®c trip matrices for prediction, similar to some of the existing trip and tour-based model systems, without relying on exogenous predictions for any of the major dimensions of the activity schedule. The model is designed to capture interactions among an individualÕs decisions throughout a 24 h day by explicitly representing tours and their interrelationships in an activity pattern. These features give the model potential to improve travel forecasts by capturing activity-based policy responses involving inter-tour and at-home vs on-tour trade-os that are likely in many circumstances. A prototype demonstrates the system concept and statistically veri®es the basic structure of the model system. However, an operational implementation would require further empirical tests and model re®nements.
